Abstract Clouds play a pivotal role in the surface energy budget of the polar regions. Here we use two largely independent data sets of cloud and surface downwelling radiation observations derived by satellite remote sensing (2007)(2008)(2009)(2010) to evaluate simulated clouds and radiation over both polar ice sheets and oceans in state-of-the-art atmospheric reanalyses (ERA-Interim and Modern Era Retrospective-Analysis for Research and Applications-2) and the Coupled Model Intercomparison Project Phase 5 (CMIP5) climate model ensemble. First, we show that, compared to Clouds and the Earth's Radiant Energy System-Energy Balanced and Filled, CloudSat-CALIPSO better represents cloud liquid and ice water path over high latitudes, owing to its recent explicit determination of cloud phase that will be part of its new R05 release. The reanalyses and climate models disagree widely on the amount of cloud liquid and ice in the polar regions. Compared to the observations, we find significant but inconsistent biases in the model simulations of cloud liquid and ice water, as well as in the downwelling radiation components. The CMIP5 models display a wide range of cloud characteristics of the polar regions, especially with regard to cloud liquid water, limiting the representativeness of the multimodel mean. A few CMIP5 models (CNRM, GISS, GFDL, and IPSL_CM5b) clearly outperform the others, which enhances credibility in their projected future cloud and radiation changes over high latitudes. Given the rapid changes in polar regions and global feedbacks involved, future climate model developments should target improved representation of polar clouds. To that end, remote sensing observations are crucial, in spite of large remaining observational uncertainties, which is evidenced by the substantial differences between the two data sets.
Introduction
The polar regions (poleward of 60 ∘ north and south) are fast-changing environments under ongoing climate warming. The Arctic sea ice is melting rapidly, with the September monthly average sea ice cover for the entire Arctic Ocean declining −13.4% per decade relative to the 1981-2010 average [Blunden and Arndt, 2016] and progressively smaller ratios of thick, multiyear sea ice relative to <1 year old sea ice [Maslanik et al., 2007] . In the meantime, the Greenland Ice Sheet is experiencing dramatic mass loss: it has lost nearly one trillion (10 15 ) kg of ice into the Arctic Ocean over the period 2011 [McMillan et al., 2016 , to a great extent driven by atmospheric warming [Van den Broeke et al., 2016] . In West Antarctica, ice shelves have partly become unstable after several warm summers, sustained surface melt and meltwater-induced hydrofracturing [Scambos et al., 2000; Van den Broeke, 2005] , while enhanced ice shelf bottom melting and calving rates in the last two decades [Wouters et al., 2015; Mouginot et al., 2014] are associated with warming ocean surface waters [Cook et al., 2016] . Over the Southern Ocean, and around East Antarctica, ocean waters have not warmed at all yet [Armour et al., 2016] , and in stark contrast to the Arctic, Antarctic sea ice has slightly expanded since 2000, attributed to natural, decadal variability in the tropical Pacific [Meehl et al., 2016] .
While the atmosphere has long been recognized to drive some of these rapid changes, the role of clouds has recently come to the fore front [Kay et al., 2016a] , for instance, in inhibiting meltwater refreezing on Greenland [Van Tricht et al., 2016a] , enhancing sea ice melting [Kay et al., 2008] , and controlling Antarctic ice shelf melting [King et al., 2015] . The net amount of energy received at the surface (surface energy balance) is greatly affected by the presence of clouds. They induce competing effects of decreasing the amount of solar (shortwave) energy and enhancing thermal (longwave) radiation, the ratio of which depends on cloud structure, height, and frequency.
Whereas such cloud characteristics are challenging to measure from the ground, especially in the polar regions, satellite remote sensing has opened up venues to study these cloud characteristics on large scales [Bromwich et al., 2012; Grenier et al., 2009; Cesana et al., 2012; Kay and Gettelman, 2009; Devasthale and Thomas, 2011; McIlhattan et al., 2017] . Using these data, several studies have highlighted large cloud biases in climate models over Greenland [Van Tricht et al., 2016a; McIlhattan et al., 2017] , the Arctic Ocean [English et al., 2015; Boeke and Taylor, 2016] , the Antarctic Plateau [Lawson and Gettelman, 2014] , and the Southern Ocean [Kay et al., 2016b] , questioning their performance in representing polar climate and climate change [Bintanja and Krikken, 2016; Notz and Stroeve, 2016] . Detailed evaluation of clouds in climate models has been enabled in recent years by satellite simulators, such as the Observation Simulator Package [Bodas-Salcedo et al., 2011] , a lidar simulator [Chepfer et al., 2008] with snow crystal error correction [English et al., 2014] , and a CALIPSO cloud phase simulator [Cesana and Chepfer, 2013] . These studies have, however, been limited to small subregions, used only a single remote sensing data set [Komurcu et al., 2014] or evaluated only a single climate model [Chepfer et al., 2008; English et al., 2014; Kay et al., 2016b] . Here we combine two independent remote sensing data sets to evaluate present-day clouds and downward radiation in atmospheric reanalyses and Coupled Model Intercomparison Project Phase 5 (CMIP5) climate models over the entire polar regions. First, we briefly present the observations (section 2), we discuss results (section 3) and end with conclusions (section 4).
Data and Methods

Satellite Observations
NASA's CloudSat and CALIPSO (C-C hereafter) satellites currently are the only space-based combination of active cloud radar and lidar observations [Stephens et al., 2002; L'Ecuyer and Jiang, 2010] , providing the first near-global three-dimensional view on cloud macrophysical and microphysical properties. Their active emission of radar and lidar pulses allows vertical probing of the atmospheric profile and overcomes typical issues that passive remote sensing techniques in polar regions suffer from, such as weak temperature and albedo differences between clouds and the underlying surface [Kay et al., 2008] . In this study, we use a modified version of Release 04 (R04) of the CloudSat's Level 2B Fluxes and Heating Rates (2B-FLXHR-LIDAR) product [Henderson et al., 2013] with specific adaptations for the polar atmosphere [Van Tricht et al., 2016a] , combining cloud properties retrieved by C-C, reanalysis data from ERA-Interim, and surface properties, to drive a broadband radiative transfer model. The modified version of the 2B-FLXHR-LIDAR used here forms the basis of the new Release 05 (R05) of the algorithm that will soon be made publicly available [Matus and L'Ecuyer, 2017] . In each 2B-FLXHR-LIDAR vertical profile, cloud boundaries of the different detected cloud layers are taken from the 2B-GEOPROF-LIDAR product. For each cloud layer, cloud phase (liquid, ice or mixed phase) is adopted from the 2B-CLDCLASS-LIDAR product, which combines radar and lidar information for a better discrimination of cloud phase. Determination of liquid water path (LWP) and ice water path (IWP) in each cloud layer is performed in order of priority by taking inputs from CloudSat's 2B-CWC-RO radar-only product, CALIPSO lidar-only optical depths, and Moderate Resolution Imaging Spectroradiometer (MODIS) optical depths. It should be noted that the final R05 version of 2B-FLXHR-LIDAR will also use the CloudSat-CALIPSO 2C-ICE product which allows for an even more explicit determination of IWP [Matus and L'Ecuyer, 2017] . Near-real-time snow and ice cover are taken from passive microwave observations from Advanced Microwave Scanning Radiometer-EOS provided by the National Snow and Ice Data Center. This information is used by C-C to calculate surface albedo for snow-and ice-covered regions. The resulting observationally constrained broadband shortwave (SW) and longwave (LW) radiative fluxes have been shown to agree well with other observations on a global scale in general [Henderson et al., 2013] and in the polar regions in particular [Kay and L'Ecuyer, 2013; Van Tricht et al., 2016a] . The cloud properties reported in this study represent the combined C-C retrievals as they are input into the radiative flux calculations. Since CloudSat and CALIPSO observations were fully collocated only from 2007 to 2010, we focus our C-C analyses on this period. C-C is compared with version 2.8 of the Clouds and the Earth's Radiant Energy System (CERES) Energy Balanced and Filled (EBAF) data product (C-E hereafter), which retrieve the SW and LW fluxes based on top of atmosphere (TOA) radiance measurements from passive Sun-synchronous Terra, Aqua, and Suomi-National Polar-Orbiting Partnership satellites. In this retrieval algorithm, CERES footprint radiances are converted into instantaneous SW and LW fluxes using scene-dependent angular directional models based on MODIS cloud property retrievals and ancillary meteorological data from the Goddard Earth Observing System 4 reanalysis product. Over the polar regions the cloud properties are derived from MODIS Terra and Aqua reflectances using two different retrieval algorithms depending on the presence of snow/ice derived from Near-real-time Ice and Snow Extent (NISE) or day/nighttime observations [Minnis et al., 2011a] . The CERES instantaneous fluxes are subsequently converted into daily mean fluxes using diurnal interpolation approaches. The CERES processing incorporates two SW and three LW methods to derive the surface-only flux, based either on simple surface flux algorithms or on detailed radiative transfer computations [Kratz et al., 2010] . Finally, the derived fluxes are energy balanced (EBAF) by filling gaps in the data and by adjusting the derived SW and LW fluxes to the observed CERES TOA fluxes [Kato et al., 2013] . Validation of both the MODIS cloud property retrieval methods [Minnis et al., 2011b] and CERES surface fluxes [Kratz et al., 2010; Corbett et al., 2012] has shown the agreement with other observations and also has highlighted its uncertainties, especially for cloud properties such as LWP and IWP over Greenland, Antarctica, and the Southern Hemisphere's sea ice and for LW fluxes over polar regions.
Reanalyses and Climate Models
Atmospheric reanalyses are climate models that assimilate observations in order to represent the observed atmospheric state with the highest possible accuracy, making them ideal tools to study polar climate variability and change. Here we include two state-of-the-art reanalyses, namely, ERA-Interim [Dee and Uppala, 2009] and Modern Era Retrospective-Analysis for Research and Applications-2 (MERRA-2) [Molod et al., 2015] . For both data sets, we have extracted cloud liquid and ice water paths and downward longwave and shortwave radiation. It should be noted that ERA-Interim reanalysis data also provide the temperature and humidity profiles that are input to the radiative transfer calculations in the 2B-FLXHR-LIDAR product, since this information cannot be retrieved by C-C observations. Consequently, only cloud microphysical properties and their impact on radiative fluxes can be considered independent between these two data sources.
To retrieve output from the Coupled Model Intercomparison Project (CMIP) of the International Governmental Panel on Climate Change Fifth Assessment Report (CMIP5 hereafter), cloud liquid (clwvi minus clivi, following CMIP5 standard output procedures), ice water path (clivi), and downwelling radiation components at the surface (rlds: longwave downwelling; rsds: shortwave downwelling) were downloaded from the CMIP5 Data Portal. In total, data from 28 CMIP5 historical model simulations could be retrieved, but some of these use the same parent model with slightly differing setup or complexity; for the remainder of the CMIP5 ensemble, no clwvi data were available. The data from the simulations with the same model were averaged, leaving 14 main models (i.e., bcc-csm1, CanESM2, CCSM4, CESM1-CAM4, CESM1-CAM5, CNRM, GFDL, GISS, HadGEM2, inmcm4, IPSL_CM5A, IPSL_CM5B, MPI-ESM, and NorESM1) for this study.
Note that we solely focus on vertically integrated cloud parameters, which are defined consistently the same in all models. To analyze vertical distributions and governing physical processes in more detail, we would require climate model satellite simulators that are not available for many of the models used in this study. (Table S1 in the supporting information), which leads us to conclude that the 4 years under study are representative for the period 2002-2015. To enable a fair spatial comparison, and because we do not use satellite simulators, we have regridded all data sets on a shared rectangular 2 ∘ longitudinal and 1 ∘ latitudinal grid, which results from the trade-off between data quality (i.e., sufficient cross overs in a single cell) and resolution. C-C has data gaps between 1 December 2009 and 21 January 2010; therefore, December 2009 was omitted in the analysis, and the last 9 days of January 2010 were assumed representative for the entire month. Moreover, as CloudSat-CALIPSO does not cover the area poleward of 82 ∘ N and S, this area was not considered in calculating spatial averages. For CMIP5, we did not select the 2007-2010 period, because the historical CMIP5 simulations end before (in 2005) , and CMIP5 climate models are not forced by observed meteorology, limiting the direct comparison with observations; instead, we selected the last 20 years of the CMIP5 historical simulations (1986) (1987) (1988) (1989) (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) . This choice is justified by the much larger differences between models than the interannual variability produced by each individual model [Van Tricht et al., 2016a] . Figure 2a shows the seasonal cycle of water path over each of the four regions and illustrates that water paths are lower over the ice sheets than over the ocean. Lowest LWP and IWP values are observed over Antarctica, while the Arctic and Southern Oceans have comparable cloud liquid water. The amount of ice is clearly higher over the Southern Ocean. LWP exhibits a strong seasonal cycle in all regions, with a maximum in summer.
Data Treatment
In contrast, IWP is relatively constant over the year, with subtle maxima in spring and fall seasons over the oceans, which are concurrent with maxima in precipitation over the ice sheets [Lenaerts et al., 2012] .
Compared to C-C, C-E shows higher values of LWP and IWP over most of the polar regions ( Figure 1 ) and across all seasons (Figure 2 ). Over the ice sheets, mean C-E ice and water paths are a factor of 2 to 4 higher than those from C-C (Table S1 ). In contrast, C-E LWP is lower over the North Atlantic region (Figure 1) . LWP values over the Arctic and Southern Oceans are comparable in both data sets ( Figure 2a and Table S1 ).
The contrast of cloud characteristics between the ice sheets and the polar oceans is reflected in the downwelling fluxes (Figure 3 ). The annual mean downwelling longwave radiation (LW d ) as retrieved from C-C decreases from the coastal regions (>250 W m −2 ) to the interior of Greenland and Antarctica (<150 W m −2 ), where the atmosphere is thin and stable, atmospheric temperatures and humidities are low, and clouds are thin, all limiting longwave energy emission. In contrast, downwelling shortwave radiation (SW d ) is higher (>150 W m −2 ) over the ice sheets, owing to fewer, thinner clouds and higher surface albedo, enhancing multiple SW scattering between surface and atmosphere. Both longwave and shortwave fluxes exhibit strong seasonal variability (Figure 2b (Table S1 ). However, the seasonal cycle is much less pronounced in C-C relative to C-E. Downwelling longwave radiation is much higher in C-E over interior East Antarctica (>20 W m −2 ), especially in winter (Figure 2b ) invoking higher annual mean LW d values in C-E relative to C-C over Antarctica. For downwelling shortwave radiation SW d , C-E diverges considerably from C-C over Greenland, Southern Ocean, and especially the Arctic Ocean but is more consistent with C-C over Antarctica (Table S1 ). To further assess the absolute quality of these satellite-based downwelling fluxes and extending earlier C-C [Van Tricht et al., 2016b] and C-E [Zhang et al., 2016; Christensen et al., 2016] evaluation studies over Greenland, we compared longwave and shortwave fluxes with five Baseline Surface Radiation Network (BSRN) [Ohmura et al., 1998; Roesch et al., 2011] ground stations ( Figures S2 and S3) , two in the Arctic and two over Antarctica. All stations (except for Dome C) are located near the coast. The spatial sampling of the satellite products unavoidably leads to the grid cells containing mixed retrievals from ocean and land, complicating direct comparisons to the ground stations. Therefore, we have considered the nine grid points surrounding the station to estimate the spatial variability in the satellite products. For longwave radiation, we find comparable biases (0 to 15 W m −2 ) in C-C and C-E. However, the spatial variability, driven by land-ocean contrasts, is generally better represented in C-C, with lower standard deviation of the biases in the grid points surrounding the station ( Figure S2 ). Spatial variability is very large in both remote sensing products at Syowa station, which is located in an area with a very strong meridional LW d gradient from the Antarctic interior to the ocean. At Dome C, C-C clearly outperforms C-E, which signals that C-E overestimates LW d over interior Antarctica (Figure 3) . Figure S3 illustrates that C-C tends to overestimate SW d at the stations, whereas C-E shows a comparable but negative bias. C-C shows clearly more realistic SW d at Neumayer and Dome C stations.
Apart from the better representation of surface downwelling fluxes, we believe that the representation of clouds is superior in C-C in comparison to C-E. Not only are the active radar and lidar sensors in C-C insensitive to day/night differences, changes in surface characteristics, and temperature inversions (when infrared channels are used) but also C-C uses MODIS observations. Hence, the C-C-based 2B-FLXHR-LIDAR algorithm has the benefit of three sensors as opposed to only one used in C-E. Especially, the explicit inclusion of cloud phase determination by the CLDCLASS-LIDAR combined CloudSat-CALIPSO product [Sassen and Wang, 2012] results in an important advantage with regard to cloud treatment in the radiative flux calculations over the passive-only cloud detection by MODIS in the CERES-EBAF algorithm, especially with regard to the ability to detect the frequently occurring low-level supercooled liquid-bearing clouds over the polar regions [Bennartz et al., 2013; Van Tricht et al., 2016a; Matus and L'Ecuyer, 2017] . Mace and Wrenn [2013] showed that the same TOA radiance signatures can originate from a multitude of distinct cloud scenes that can only be distinguished through the addition of active sensors. That is in addition to C-C's ability to perform retrievals in low sunlight or over sea ice that are known to be extremely difficult for passive sensors.
Additionally, C-E finds unrealistically high IWP values over ice sheets, mainly over interior Antarctica. An issue with the C-E approach is that in these areas, where the contrast between surface and cloud albedo is small, a large correction of cloud water path is necessary to match the TOA fluxes since they are insensitive to small changes. Furthermore, since LWP has limited observational constraints in these regions, the algorithm likely has to resort to increasing the IWP dramatically to compensate for any lack of brightness owing to missing liquid. Besides the issues in cloud representation, we can attribute differences between C-C and C-E to differences in vertical atmospheric temperature and humidity profiles, the radiative transfer model, and possibly skin temperature and surface albedo, although these are likely small compared to the cloud issues.
We conclude that the cloud water path algorithm based exclusively on passive satellite observations in C-E is only partly suitable to accurately detect cloud water over high latitudes and especially fails over the ice sheets. Since C-C outperforms C-E in several aspects of its representation of high latitude clouds and radiation, we use this data set for model evaluation, although the reader should bear in mind that satellite remote sensing retrievals of cloud properties and radiative fluxes are unavoidably prone to substantial uncertainties.
Model Biases: Clouds
Although the models agree with C-C in the general spatial patterns of cloud water and ice, the amount of LWP and IWP deviates substantially from the C-C observations (Figure 1 ). ERA-Interim underestimates the amount of cloud water over the polar regions, both in the form of ice and liquid, and especially over the oceans. MERRA-2 produces generally too many liquid clouds, at the expense of ice. This is especially evident over the Southern Ocean, where LWP bias exceeds 0.04 kg m −2 throughout the entire year, compensated by a consistent, severe (<−0.06 kg m −2 ) underestimation of cloud IWP (Figure 2a) . The CMIP5 multimodel mean is consistent with MERRA-2 and suggests excessive LWP values, and too little IWP, albeit with smaller discrepancies with respect to C-C (Figure 1) . The comparable magnitude of the spread in the CMIP5 multimodel ensemble for LWP and the actual observed C-C LWP indicates that the simulated uncertainty of LWP is very substantial, and caution is warranted in drawing conclusions from looking at CMIP5 mean only. Especially over the ice sheets, the differences in LWP across models are extremely large ( Figure S4) , with some models (CESM-CAM5 and HadGEM2) simulating almost no LWP and some models (bcc-csm1 and NorESM1) simulating LWP values that are up to 10 times larger than in the observations. Excluding one of these outliers will affect the CMIP5 mean considerably, limiting use of the multimodel mean as representation of the average model behavior. The same holds true, albeit to a lesser extent, for cloud IWP.
Instead, we have used the 10-90% probability in the 14 available models along with the CMIP5 mean in Figure 2a . The large difference between the 10th and 90th percentiles for LWP confirms that CMIP5 models disagree widely on the amounts of LWP in the polar regions. Moreover, given that the 10th and 90th percentiles indicate a bias of opposite sign, no conclusions can be drawn regarding a consistent excess or lack of simulated LWP in CMIP5 ( Figure S4 ). For IWP, the CMIP5 spread appears to be much smaller, although the Southern Ocean stands out with considerable disagreement in CMIP5.
Model Biases: Radiation
Compared to C-C, the models generally show too little LW d (Figure 3 and Table S1 ), although regional and seasonal variations are substantial (Figure 2b) . In ERA-Interim, the bias is particularly present on the Antarctic ice shelves and sea ice. In MERRA-2, LW d is mainly underestimated over parts of the ice sheets and over the North Atlantic, while LW d is excessive over the northern Arctic Ocean. In CMIP5 we find the highest biases over the Arctic Ocean and coastal Antarctica. Similar to what we found with LWP and IWP, the CMIP5 ensemble is not equivocal in the simulation of LW d in the polar regions, and a large spread exists between the CMIP5 models ( Figure 2b ). For downwelling shortwave radiation, a clearer picture emerges, as all models underestimate SW d consistently over the seasons and regions. The highest biases are found in ERA-Interim over the Arctic Ocean, with a SW d deficit exceeding −40 W m −2 . However, we should be cautious in interpreting this signal, since C-C tends to overestimate SW d in coastal areas ( Figure S4 ), a bias that is probably enhanced over the Arctic Ocean where surface albedos are poorly constrained [Van Tricht et al., 2016b] .
Discussion and Conclusions
We used state-of-the-art, gridded remote sensing observations to evaluate simulated cloud water paths and surface downwelling radiation components in the polar regions by climate models and reanalyses. First, we compared the independent observational estimates of clouds and downwelling radiation from CERES-EBAF with those from CloudSat-CALIPSO. While cloud water paths as retrieved by C-C and C-E are relatively similar over the oceans, our results indicate large differences in LWP and IWP values over the ice sheets. For downwelling fluxes, a comparison to ground stations suggests that both satellite remote sensing data sets exhibit significant uncertainties. The spatial gridding of satellite tracks enhances errors in coastal regions, where most stations are located [Van Tricht et al., 2016b] . Moreover, the crude representation of surface albedo in the satellite product algorithms, in combination with fixed overpass times, leads to significant uncertainties in downwelling shortwave radiation retrievals, especially over the ice sheets and over sea ice.
Since C-C includes a more sophisticated representation of cloud properties, overall lower bias than C-E compared to ground observations and lower spatial inconsistencies in C-C justify its application to evaluate simulated cloud water path in two state-of-the-art reanalyses (ERA-Interim and MERRA-2) and the CMIP5 model ensemble. Overall, it appears that total cloud water path (liquid + ice) is underestimated in nearly all models. However, the cloud water path (LWP and IWP) biases are inconsistent among models, precluding any conclusions on shared model deficiencies. For example, ERA-Interim reanalysis shows too little cloud water over the Arctic, while MERRA-2 reanalysis simulates realistic cloud LWP but severely underestimates the total amount of cloud ice (IWP). Additionally, the CMIP5 model ensemble gives a wide range of cloud water path simulations. For downwelling radiation, the climate models tend to underestimate longwave downwelling radiation, especially over the ice sheets. Although observational uncertainties are considerable for SW d , models also underestimate shortwave downwelling radiation, especially over the oceans.
Our results are mostly in line with previous studies that evaluate clouds and radiation in climate models over the Arctic. We confirm existing work of Liu and Key [2016] which showed that atmospheric reanalysis products exhibit significant differences in their simulation of Arctic clouds, and differences with observations of IWP and LWP are largest in summer. The large underestimation of summer SW d in CMIP5 over the Arctic is consistent with English et al. [2015] and Karlsson and Svensson [2013] , who attribute these deficiencies to underestimated cloud amounts and sea ice albedo biases. Consistently with Boeke and Taylor [2016] , we find small summer LW d biases over the Arctic Ocean that are much larger in winter and very large summer SW d biases. Here we further show that, while the SW d bias is shared between the Arctic and Antarctic regions, the LW d bias is much smaller over Antarctica and especially over the Southern Ocean.
Our results indicate that differences across CMIP5 models are substantial enough to preclude any definite conclusion on a shared bias. As a consequence, a direct comparison with earlier studies that suggest that cloud LWP [Komurcu et al., 2014] and IWP [Liu et al., 2012] are overestimated in CMIP5 is challenged by the choice of other models in the comparison. Some CMIP5 models show a substantial bias in cloud water and ice path, simulating either far too little or clearly excessive values compared to C-C. A few models are more consistent with the observations, including CNRM, GISS, GFDL, and the IPSL_CM5b models. Although a correct simulation of clouds does not solely contribute to a realistic Arctic climate, clouds exert a strong control on modeled climate sensitivity [Vavrus, 2004] and changes in surface radiation [Notz and Stroeve, 2016] . Our results suggest therefore that Arctic and Antarctic climate change simulated by these models can be considered more credible.
Our work shows that climate models exhibit strong, but partly inconsistent, biases in their simulation of clouds and radiation over the polar regions. We suggest that future model development should focus on improving polar cloud microphysical properties and assessing their radiative impact on the surface. At the same time, efforts should be made in reducing the observational uncertainties of clouds and their radiative impact. To achieve those goals, observations from combined active and passive remote sensing, such as CloudSat-CALIPSO and the upcoming EarthCARE Satellite Mission [Illingworth et al., 2015] , are crucial.
